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Abstract
Technology has improved substantially around image processing in recent years
and the widespread adoption on social media networks has led to trust issues
among social media user-bases - especially young users - with regards to personal
reflection[8] and towards others. Filters are generally used to remove flaws in
one’s image and increase potential attraction or value in a viewer’s mind. With
filters being increasingly abundant on social media platforms - especially with
females [6], the mental health impact on users becomes increasingly severe. [5]
This report will focus on the ability to detect filter presence and the type
of filter used based on a set of pre-defined filters. A neural network based on
the VGG16 CNN model [11] will be used alongside a database of face images
with Adobe Photoshop Express image augmentations. Success metrics include
confusion matrices.

Introduction
Since the integration of visual mediums on social media platforms, filters have
been a popular tool to increase a user’s potential appeal. Filters are generally
used to remove flaws and increase appeal. Filters have a more general uses
such as comedy or experimental filters out of interest, however, filters with the
primary function of beauty some of the most used.
In this paper, we will look into filters that do not add arbitrary images and
visuals but apply morphological operations on source images. Filters that will
be used are from the Adobe Photoshop Express application. Filters used are
’clarity’, ’dehaze’, ’grain’, and ’vignette’ filters.
A VGG16 based convolutional model will be used to detect the presence of
these filters.
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Following positive results, possible follow up research could involve filter reversal on certain filters. This has various benefits in the realm of social media
and other areas where filter remove would be beneficial.
The dataset to be used will be Japanese Female Facial Expression dataset
containing images of a combination of different Japanese females, facial expressions and variants. [10] [9] There are 212 images in this dataset.
This dataset is further augmented with four different filters. The total images
to be used for this research is 1060 images.

Background
Filters
Instagram were involved in the early pioneering of social media filters as a way
to improve the visual fidelity of images taken through smartphone lenses. As
these lenses were still being improved and were nowhere near the quality they
are now; these filters were a means to add visual appeal by dramatically altering
the way images looked. These early filters were not very subtle and gave images
a certain ’sameness’ as they were almost entirely fixed. [7]
At some point around 2014, these types of filters fell out of favour with
the general user-base as smartphone camera qualities improved to satisfactory
levels. It was at this point that the new types of filters - designed to subtly mask
an image - gained popularity for their ability to create an almost unrealistic,
yet believable, image. As these types of filters were refined further, the ability
for people to identify the presence of filters became increasingly difficult.

VGG16
The VGG16 Convolutional Neural Network is a CNN developed by the Visual
Geometry Group from Oxford University. The CNN was used in an image net
competition in 2014 where it performed well. Since then, it has been refined
and used in numerous different applications including malicious software classification [7] and Kiwi fruit detection [3]
The current model is a fusion of a 16-layer and 19-layer CNN. This fusion
model achieves 7.1% and 7% on the ILSVRC-2012 top-5 classification error[11]
with success rates between 86% and 93% on different datasets.
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Research Hypothesis

”To what degree of accuracy can the proposed Neural Network model achieve
on the testing dataset in identifying the correct filter?”.
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To answer this question; the architectural design of the CNN must be considered.

Figure 1: VGG16 CNN architecture
The CNN is designed to incrementally build to a higher level of abstraction
to identify more general trends. This is accomplished through the max pooling
layer. The output of this VGG16 model will feed into a final classification layer.
Where the shape is a vector of size 5 - indicating no filter or a specific filter (one
of four).
Deep CNN models tend to generalise well to new datasets after a long enough
period of training. Thus, given training time, it is feasible for the proposed
model to achieve a high accuracy

Research Methodology
The original JAFFE dataset has been used. The 212 images have had numerous
different filters applied to them. The algorithm will read in these images and
labels and split them into training, validation, and testing sets of splits 0.7, 0.15,
and 0.15 respectively.
The model will be trained and validated on the respective data until convergence.
As this is a classification problem. A confusion matrix will be the best way
of assessing the accuracy of the data.

Results
The model took 16 iterations totalling 89.4 minutes to run. The algorithm
slowly trained to 60% accuracy before quickly jumping to 95% accuracy on the
validation data. The confusion matrix below shows that the model performed
very well under the test data provided achieving 98.7% accuracy which correlates well with the initial hypothesis.
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Confusion matrix for filter prediction
While this seems a very positive result; the dataset is only 1060 images large
and the algorithm should be implemented to include more variation within images and filters. As a result the model could very well be over-fitting to the
data provided. Convolutional neural networks are known for overfitting. [1]
Research put into detecting Instagram filtered images is relatively new as
the prominence of subtle Instagram filters are a relatively new emergence. That
said, there has been research done in this space with regards to feature destylization. [4] Instead of modelling to recognize each filter individually, the
model proposed analyzes each image for features that more closely resemble an
image’s original colour.
These results demonstrates a foundation from which to explore the addition
of more filters, and more variation in source images. The VGG16 CNN demonstrate the ability for CNNs to generalise well and the implementation of the
VGG16 model and/or the adaptation to new datasets with fine tuning could
lead to more general results.

1.1

Conclusion

There has been a growing level of mental health concerns amongst those that
use social media, particularly during Covid 19. [2] While filters may not be objectively malicious; it is evident that there is a need to develop the technology
to identify and possibly reverse them.
The results from this report demonstrate the feasiblity for the VGG16 model
as a foundation for filter detection. It is possible that future research may look
into reconstructing the unfiltered image from the detected filter and the dropout
layers of the VGG16 model.
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